Anomalies in the wind field and structural anomalies can cause unbalanced loads on the components and structure of a wind turbine. For example, large unbalanced rotor loads could arise from blades sweeping through low level jets resulting in wind shear, which is an example of anomaly. The lifespan of the blades could be increased if wind shear can be detected and appropriately compensated. The work presented in this paper proposes a novel anomaly detection and compensation scheme based on the Extended Kalman Filter. Simulation results are presented demonstrating that it can successfully be used to facilitate the early detection of various anomalous conditions, including wind shear, mass imbalance, aerodynamic imbalance and extreme gusts, and also that the wind turbine controllers can subsequently be modified to take appropriate diagnostic action to compensate for such anomalous conditions.
Introduction 1
The controller for a wind turbine has the basic objective of ensuring that The wind field model is improved in this paper to include a model of dynamic The tower dynamics could be included in the model for designing the EKF, The EKF is designed to track measurements of aerodynamic/hub torque and 
157
To enable detection of gusts, the anomaly detector is extended. [20, 21] . This paper focuses more on the detection part and less on the compensation part, and therefore only wind shear 170 and gust compensation using IPC and open-loop control, respectively, following the detection of wind shear and gust, is reported.
172
The EKF based anomaly detector and the models required by it are described 173 in Section 2. Simulation results on anomaly detection are presented in Section 3.
174
The extension of the anomaly detector for gust detection is reported in Section 175 4, and anomaly compensation is described in Section 5. Conclusions are drawn 176 and future work discussed in Section 6.
177
The illustrative turbine in this paper is the Supergen (Sustainable Power order to detect various anomalous conditions. These models, their validation 203 and the design of the EKF based on these models are described in this section.
204
As mentioned in Section 1, the main contribution of the work is neither 205 in the EKF nor in the models the EKF is based on. Instead, to achieve the The wind field on each blade consists of stochastic and deterministic com- As the wind speed varies across the rotor, a blade element will experience different wind speeds as it rotates. The difference in wind speed across the rotor is caused by deterministic components, such as wind shear, tower shadow and blade mass imbalance, and stochastic components, such as turbulence. The wind field model represents separately the effects of the deterministic and stochastic components on the blades. The model of the wind field is depicted in Figure 2 and has the following structure [3] :
The wind speed, V s (θ + eventually add the 1P spectral peak to Mx and My BRBMs. 
233
The deterministic components on My BRBM is dominated by wind shear (i.e. vertical variation in wind speed), while that on Mx BRBM is dominated by gravity. Gravity is at its maximum value at the blade horizontal position while wind shear causes the wind speed to be at its maximum value at the blade vertical position. When the situation is free of nacelle tilting, yaw misalignment, etc., the phase difference between the Mx and My BRBM measurements, i.e. θ d in Figure 3 , should be close to 90
• . However, the wind turbine always has such aspects, and θ d can be calculated as
As discussed later in Section 3, θ d is an important parameter that can be mon- 
where L t = 6.5h denotes the turbulence length of the spectrum, h height and σ v the turbulence intensity. In the anomaly detection scheme, it is approximated by the Dryden spectrum:
The values of a d and b d , for which the Dryden spectrum best approximates the Von Karman spectrum, are
The corresponding point wind speed model is
where ξ 0 denotes Gaussian noise. in Figure 2 , where Ω is rotor speed and β pitch angle.
243
Aerodynamic torque, T f , is estimated in the module named "Aerodynamics" in Figure 2 using
where β is pitch angle, and the tip-speed ratio, λ, is defined as
R denotes the rotor radius, C p the aerodynamic power coefficient and ρ the air 244 density. The parameters of the 2MW Supergen exemplar turbine are used.
245
The resulting wind speed, V s , is used by the the modules named "BBM Mx" and "BBM My", respectively, in Figure 2 for estimating the Mx and My BRBM. Similar equations to Equation (9) are utilised for these modules as follows:
Note that these equations are valid when V s from the wind field model described is minimal, etc, it is excluded from Equation (12).
252
To model mass imbalance between the 3 blades, Equation (9) can simply be replaced with the sum of Equation (11) for blades 1, 2 and 3 as follows:
Gravitational term in Equation (11) cancels out when summed in Equation (13) 253 only if there is no mass imbalance. The EKF is designed to ensure that any remaining discrepancy is reduced 
Extended Kalman Filter

279
The combined nonlinear models introduced in Sections 2.1 and 2.2 are rewritten in the following discrete form:
where f (x k−1 ) and g(x k ) are the nonlinear system and measurement models as described in Sections 2.1 and 2.2, respectively. For more details on the models used for f (x k−1 ) and g(x k ), readers are referred to Appendix A. v k−1 represents process noise, which is represented by Gaussian noise, ξ 0 , from Equation (7), and w k denotes measurement noise. The measurement noise covariance,R k , and the process noise covariance, Q, are given by
R k is updated online through the use of an online covariance algorithm, while
280
Q is assumed to be constant.
281
The model forecast step or predictor uses the following equations:
where J f (x k−1 ) denotes the Jacobian matrix of the nonlinear function, f (x k−1 ). x − k and P − k denote the a priori state estimate and a priori estimate error covariance, respectively. The data assimilation step or corrector uses the following equations:
where J g (x k ) denotes the Jacobian matrix of the nonlinear function, g(x), and 282 K k is the Kalman gain.
283
Since the difference between two positive-definite matrices may result in a non positive-definite matrix, which could result in numerical instability, Equation (22) is modified as
Now, each term in the equation is positive-definite, and P k is positive definite 284 because the sum of two positive-definite matrices is positive-definite.
285
For more details on the formulation of EKF, readers are referred to [23, 24, 286 25]. 
Anomaly Detection
288
The use of the EKF presented in Section 2 for detecting various anoma- To make simulations more realistic, extra noise is added to the measurements 304 throughout this paper. An example is depicted in Figure 6 , in which measure- 
329
The gravity term in Equation (11) is rewritten as
for i = 1, 2, 3 (3 being the number of blades). θ a denotes the azimuth angle of the turbine being monitored, θ the arbitrary azimuth angle preset by the EKF (i.e. at the 3 o'clock position when the EKF starts) and the phase shift such that
For blade 1, i.e. i = 1, Equation (25) can be substituted into Equation (24) to obtain
where
M 1 and M 2 are states estimated by the EKF. These state estimates are subsequently used by the output equation, Equation (11), and also allow M b and to be calculated as follows: The FMM of blade 2 estimated by the EKF is depicted in Figure 8 . The red 330 plot is when there is 136 kg of ice (2.55% of the blade mass and ice density of 331 700 kg/m3) on blade 2 and the blue plot is when there is no ice on the blade.
332
The estimates match the Bladed model parameters within 5 %. The result 333 therefore demonstrates that the anomaly detector can be used for detecting 334 mass imbalance, which could arise due to blade icing.
335
The phase shift, , between the arbitrary azimuth angle and the actual az-336 imuth angle is depicted in Figure 9 . As previously mentioned, the EKF assumes using the following equation:
where h denotes height above the ground and h o a reference height. α determines 353 severity of wind shear. successfully be used to detect wind shear.
358
The anomaly detector can also be used for detecting aerodynamic imbalance. 
where V R denotes wind speed at rotor, A R rotor disc area, V wind speed from Equation (1), R rotor radius andĈ T a modified C T table from [26] . Equations (11) and (12) are modified as follows:
whereV
The incorporation of the dynamic inflow model improves the accuracy of the 372 EKF. For instance, when the turbine switches from operating below rated to 373 above rated, a large peak is produced on the estimate of V a (green) at around 374 390 s in Figure 13 . This is because the effect of dynamic inflow becomes more 375 significant when switching from operating below rated to above rated. With 376 the dynamic inflow model properly modelled and included, the EKF now takes 377 into account the effect of dynamic inflow, and the estimation is improved; that 378 is, the peak is now removed (black). 
Extension of the Anomaly Detector for Gust Detection
380
The wind field model described in Section 2.1 does not include the effects of wind gust-like events and therefore a model mismatch (between the events and the model used by the EKF) occurs in the EKF when a gust happens. Consider a model for extreme wind gusts as follows:
When a gust occurs, that is, after the anomaly starting time, T a , the effective wind speed is affected by the magnitude and duration of the gust. These changes in variable correlation can be quantified by taking the expectation (E {·}) of the EKF innovations error, e k , given by
Expanding Equation (38) in Taylor series about x k−1 , the expectation of the innovations error is given by wherex k|k−1 is the error in state estimates due to the anomaly prior to the measurement update (i.e. Equations (20), (21) and (22)) of the EKF. The calculation of state estimates posterior to the EKF measurement update can be obtained with a similar approach as follows:
It is therefore possible to define linear dependence of E x k|k |y k on the anomaly as follow [27] :
In Equation (41), the anomaly is described by signature matrix of the anomaly magnitude, H a (k, T a ), affecting the EKF outputs, state estimates and signature vector of its behaviour, g a . The signature matrix is time-varying allowing the magnitude of the wind gust to evolve in time. The measurement of the drift in standard deviation produced by the anomaly is determined by the Mahalanobis distance of the innovations error as follows:
where S k is the EKF innovations error covariance given by
Equation (42) is used to detect unmodelled anomalies, and this process is referred to as anomaly detection test (ADT) here. The ADT follows the central χ 2 distribution with N df degrees of freedom and α d confidence detection limit. To avoid false alarms caused by noise, a positive ADT is followed by an anomaly confirmation test (ACT):
The ACT follows the same distribution but has N df (T c + 1) degrees of freedom, a suitable interval time for anomaly confirmation, T c , and α c confidence confirmation limit. The following stopping rules need to be defined:
Practical considerations for the detection parameters are: α c > α d and T c longer than half the EKF convergence time. To implement a diagnostic action upon detection and confirmation of a wind gust, the signature matrix has to be estimated; that is, in order to calculate the maximum likelihood ratio in Equation (44), the signature matrix estimate is given by
The estimation of the signature matrix allows the detection of a wind gust at any 381 mean wind speed. The signature vector is modelled a priori using the design 
391
Both extreme operating gusts and extreme coherent gusts are generated in
392
Bladed. An extreme operating gust is modelled at a mean wind speed of 14 m/s.
393
It has the Mexican hat shape with a recurrence period of 50 year as reported in
394
[16].
395
The detection of an operating gust is demonstrated in Figure 14 , in which 
Anomaly Compensation
424
Once an anomaly is detected, a remedial action (compensation) can be ap-
425
plied directly to the baseline controller to counteract the effects of the anomaly.
426
The baseline controller used here is a standard commercial controller based This remedial action is only invoked when the anomalous behavior is detected,
442
thus avoiding an excess of pitch activity; that is, without the anomaly detector, To apply these remedial actions on the Bladed simulation, the anomaly de- and Matlab/Simulink. The simulation set-up for control compensation is pre-451 sented in Figure 16 . In this figure, the overall anomaly detection and compen-452 sation scheme reported throughout this paper is illustrated.
453
In Figure 17 from 100 to 250s, wind shear causes increased loads on the The EFK requires a discrete state space equation as described in Equations
522
(14) and (15), and the models or equations used for the state equations, f (x k−1 ),
523
and the output equations, g(x k ), are described here.
524
Equations used to constitute f (x k−1 ) and their derivation are summarised 525 as follows.
526
1. The point wind speed model, V d (s), used to produce V d1 , is combined with W a (s) as follows (refer to Equation (7) and Figure 2 ): 
